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t. Team formation, i.e., allo
ating agents to roles within a teamor subteams of a team, and the reorganization of a team upon team mem-ber failure or arrival of new tasks are 
riti
al aspe
ts of teamwork. Theyare very important issues in RoboCupRes
ue where many tasks needto be done jointly. While empiri
al 
omparisons (e.g., in a 
ompetitionsetting as in RoboCup) are useful, we need a quantitative analysis be-yond the 
ompetition | to understand the strengths and limitations ofdi�erent approa
hes, and their tradeo�s as we s
ale up the domain or
hange domain properties. To this end, we need to provide 
omplexity-optimality tradeo�s, whi
h have been la
king not only in RoboCup butin the multiagent �eld in general.To alleviate these diÆ
ulties, this paper presents R-COM-MTDP, a for-mal model based on de
entralized 
ommuni
ating POMDPs, where agentsexpli
itly take on and 
hange roles to (re)form teams. R-COM-MTDPsigni�
antly extends an earlier COM-MTDP model, by introdu
ing rolesand lo
al states to better model domains like RoboCupRes
ue whereagents 
an take on di�erent roles and ea
h agent has a lo
al state 
onsist-ing of the obje
ts in its vi
inity. R-COM-MTDP tells us where the prob-lem is highly intra
table (NEXP-
omplete) and where it 
an be tra
table(P-
omplete), and thus understand where algorithms may need to trade-o� optimality and where they 
ould strive for near optimal behaviors.R-COM-MTDP model 
ould enable 
omparison of various team forma-tion and reformation strategies | in
luding the strategies used by ourown teams that 
ame in the top three in 2001 | in the RoboCup Res
uedomain and beyond.1 Introdu
tionThe utility of the multi-agent team approa
h for 
oordination of distributedagents has been demonstrated in a number of large-s
ale systems for sensing anda
ting like disaster res
ue simulation domains, su
h as RoboCupRes
ue Simula-tion Domain [5, 10℄ and sensor networks for real-time tra
king of moving targets[7℄. These domains 
ontain tasks that 
an be performed only by 
ollaborative



a
tions of the agents. In
omplete or in
orre
t knowledge owing to 
onstrainedsensing and un
ertainty of the environment further motivate the need for theseagents to expli
itly work in teams. A key pre
ursor to teamwork is team forma-tion, the problem of how best to organize the agents into 
ollaborating teams thatperform the tasks that arise. For instan
e, in RoboCupRes
ue, injured 
iviliansin a burning building may require teaming of two ambulan
es and three nearby�re-brigades to extinguish the �re and qui
kly res
ue the 
ivilians. If there areseveral su
h �res and injured 
ivilians, the teams must be 
arefully formed tooptimize performan
e.Our work in team formation fo
uses on dynami
, multiagent environments,su
h as RoboCupRes
ue Simulation Domain [5, 10℄ and sensor networks [7℄. Insu
h domains teams must be formed rapidly so tasks are performed within givendeadlines, and teams must be reformed in response to the dynami
 appearan
eor disappearan
e of tasks. The problems with the 
urrent team formation workfor su
h dynami
 real-time domains are two-fold. First, most team formationalgorithms [12, 4, 2, 3, 7℄ are stati
. In order to adapt to the 
hanging environmentthe stati
 algorithm would have to be run repeatedly.Se
ond, mu
h of the work in RoboCupRes
ue has largely relied on experi-mental work and the 
ompetitions have been very useful in 
omparing variousalgorithms. A 
omplementary te
hnique is theoreti
al analysis. However, therehas been a la
k of theoreti
al analysis of algorithms, su
h as their worst-
ase
omplexity. This is espe
ially important in understanding how algorithms workif domain parameters 
hange, how they will s
ale up, et
.In this paper we take initial steps to atta
k both these problems. As the tasks
hange and members of the team fail, the 
urrent team needs to evolve to handlethe 
hanges. In RoboCupRes
ue [5, 10℄, ea
h re-organization of the team requirestime (e.g., �re-brigades may need to drive to a new lo
ation) and is hen
e expen-sive be
ause of the need for qui
k response. Clearly, the 
urrent 
on�guration ofagents is relevant to how qui
kly and well they 
an be re-organized in the future.Ea
h re-organization of the teams should be su
h that the resulting team is ef-fe
tive at performing the existing tasks but also 
exible enough to adapt to news
enarios qui
kly. We refer to this reorganization of the team as "Team Forma-tion for Reformation". In order to solve the \Team Formation for Reformation"problem, we present R-COM-MTDPs (Roles and Communi
ation in a MarkovTeam De
ision Pro
ess), a formal model based on 
ommuni
ating de
entralizedPOMDPs, to address the above short
omings. R-COM-MTDP signi�
antly ex-tends an earlier model 
alled COM-MTDP [9℄, by making important additions ofroles and agents' lo
al states, to more 
losely model 
urrent 
omplex multiagentteams. Thus, R-COM-MTDP provides de
entralized optimal poli
ies to take upand 
hange roles in a team (planning ahead to minimize reorganization 
osts),and to exe
ute su
h roles.We use the disaster res
ue domain to motivate the \Team Formation forReformation" problem. We present real world s
enarios where su
h an approa
hwould be useful and use the RoboCup Res
ue Simulation Environment [5, 10℄ toexplain the working of our model. We show that the generation of optimal poli-




ies in R-COM-MTDPs is NEXP-
omplete although di�erent 
ommuni
ationand observability 
onditions signi�
antly redu
e su
h 
omplexity. The nature ofobservability and 
ommuni
ation in the RoboCupRes
ue domain makes it 
om-putationally intra
table thus this motivating the study of optimality-
omplexitytradeo�s in approximation algorithms are ne
essary. R-COM-MTDPs provide ageneral tool for analysis of role-taking and role-exe
uting poli
ies in multiagentteams and for 
omparison of various approximate approa
hes. This will allowus to model the agents we developed for this domain [8℄ (whi
h �nished thirdat RoboCup 2001 and se
ond at Robofesta, 2001) as an R-COM-MTDP anddetermine how 
hanges in the agents' behavior 
ould result in an improved per-forman
e. It is important that we develop tools in RoboCup that are relevantbeyond RoboCup and 
ontribute to the wider 
ommunity. This work is aimedat meeting that obje
tive.2 Domain and MotivationThe RoboCupRes
ue Simulation Domain [5, 10℄, provides an environment wherelarge-s
ale earthquakes 
an be simulated and heterogeneous agents 
an 
ollabo-rate in the task of disaster mitigation. Currently, the environment is a simulationof an earthquake in the Nagata ward in Kobe, Japan. As a result of the quakemany buildings 
ollapse, 
ivilians get trapped, roads get damaged and gas leaks
ause �res whi
h spread to neighboring buildings. There are di�erent kinds ofagents that parti
ipate in the task of disaster mitigation viz. �re brigades, am-bulan
es, poli
e for
es, �re stations, ambulan
e 
enters and poli
e stations. Inaddition to having a large number of heterogeneous agents, the state of the en-vironment is rapidly 
hanging { buried 
ivilians die, �res spread to neighboringbuildings, buildings get burnt down, res
ue agents run out of stamina, et
. Thereis un
ertainty in the system on a

ount of in
orre
t information or informationnot rea
hing agents.In su
h a hostile, un
ertain and dynami
ally 
hanging environment teamsneed to 
ontinually form and reform. We wish to understand the propertiesof su
h team formation and reformation algorithms. For instan
e, as new �resstart up or �re engines get trapped under buried 
ollapsing buildings, teamson
e formed may need to reform. While 
urrent algorithms in RoboCup Res
uefor su
h reformation (and outside) rea
t to su
h 
ir
umstan
es based solely on
urrent information, in general, su
h rea
tive te
hniques may not perform well. Infa
t, methods that plan ahead taking future tasks and failures into a

ount maybe needed to minimize reformation, given that reformations take time. Whilewe 
an perform useful empiri
al 
omparisons of 
urrent algorithms within the
urrent 
ompetition settings,the �eld needs to analyze the performan
e of su
halgorithms for a wide variety of settings of agent failure rates, new task arrivalrate, reformation 
osts, domain s
ale-up, and other fa
tors. Theoreti
al analysis
an aid in su
h analysis, providing us te
hniques to understand general propertiesof the algorithms proposed.



We fo
us in parti
ular on a te
hnique 
alled "Team Formation for Refor-mation", i.e.., teams formed with lookahead to minimize 
osts of reformation.The following real-world s
enarios illustrate the need for su
h team formationfor reformation.1. A fa
tory B 
at
hes �re at night. Sin
e it is known that the fa
tory is emptyno 
asualties are likely. Without looking ahead at the possible out
omes ofthis �re, one would not give too mu
h importan
e to this �re and mightassign just one or two �re brigades to it. However, if by looking ahead, thereis a high probability that the �re would spread to a nearby hospital, thenmore �re brigades and ambulan
es 
ould be assigned to the fa
tory andthe surrounding area to redu
e the response time. Moving �re brigades andambulan
es to this area might leave other areas where new tasks 
ould ariseempty. Thus, other ambulan
es and �re brigades 
ould be moved to strategi
lo
ations within these areas.2. There are two neighborhoods, one with small wooden houses 
lose togetherand the other with houses of more �re resistant material. Both these neigh-borhoods have a �re in ea
h of them with the �re in the wooden neighborhoodbeing smaller at this time. Without looking ahead to how these �res mightspread, more �re brigades may be assigned to the larger �re. But the �re inthe wooden neighborhood might soon get larger and may require more �rebrigades. Sin
e we are strapped for resour
es, the response time to get more�re brigades from the �rst neighborhood to the se
ond would be long andpossibly 
riti
al.3. There is an unexplored region of the world from whi
h no reports of anyin
ident have 
ome in. This 
ould be be
ause nothing untoward has happenedin that region or more likely, 
onsidering that a major earthquake has justtaken pla
e, that there has been a 
ommuni
ation breakdown in that area.By 
onsidering both possibilities, it might be best if poli
e agents take on therole of exploration to dis
over new tasks and ambulan
es and �re brigadesready themselves to perform the new tasks that may be dis
overed.Ea
h of these s
enarios demonstrate that looking ahead at what events mayarise in the future is 
riti
al to knowing what teams will need to be formed. Thetime to form these future teams from the 
urrent teams 
ould be greatly redu
edif the 
urrent teams were formed keeping this future reformation in mind.3 From COM-MTDP to R-COM-MTDPThe COM-MTDP model[9℄ has two main advantages. First, COM-MTDP pro-vides 
omplexity analysis of team 
oordination given di�erent 
ommuni
ationassumptions. Even though it does not fo
us on team formation or reformation(whi
h are topi
s of this paper), it serves as a basis for developing a new 
omputa-tional framework 
alled R-COM-MTDP that provides su
h an analysis. Se
ond,COM-MTDP was to used to analyze di�erent general team 
oordination algo-rithms based on the joint intentions theory, in
luding the STEAM algorithm,



part of the ISIS teams that parti
ipated in RoboCup so

er [11℄. COM-MTDPanalysis revealed the types of domains where the team 
oordination behavedoptimally, and spe
i�
 domains where the algorithm 
ommuni
ated too mu
hor too little | and the 
omplexity of optimal 
ommuni
ation strategies. Su
hanalysis may in turn provide guidan
e in developing a new generation of team
oordination algorithms whi
h 
an intelligently engage in optimality-
omplexitytradeo�s. We attempt to do something similar with R-COM-MTDP.3.1 COM-MTDPGiven a team of sel
ess agents, �, a COM-MTDP [9℄ is a tuple, hS;A�; ��; P;
�;O�; B�; Ri. S is a set of world states. A� =Qi2� Ai is a set of 
ombined domain-level a
tions, where Ai is the set of a
tions available to agent i. �� = Qi2� isa set of 
ombined 
ommuni
ative a
tions, where �i is the set of messages thatagent i 
an broad
ast to the other team members. The e�e
ts of domain-level a
-tions obey the spe
i�ed transition probability fun
tion, P (sb; a; se) = Pr(St+1 =sejSt = sb; At� = a).
� = Qi2� is a set of 
ombined observations, where 
i is the set of ob-servations that agent i may re
eive. The observation fun
tions (or informationstru
tures), O� = Qi2�Oi, spe
ify a probability distribution over observationsthat an agent may make, 
onditioned on the 
urrent state and 
ombined a
tionsof the agents: Oi(s; a; !) = Pr(
ti = !jSt = s; At�1� = a). We 
an de�ne 
lassesof information stru
tures as in [9℄:Colle
tive Partial Observability: We make no assumptions about the ob-servability of the world state.Colle
tive Observability: There is a unique world state for the 
ombinedobservations of the team: 8! 2 
, 9s 2 S su
h that 8s0 6= s, Pr(
t =!jSt = s0) = 0.Individual Observability: Ea
h individual's observation uniquely determinesthe world state: 8! 2 
i, 9s 2 S su
h that 8s0 6= s, Pr(
ti = !jSt = s0) = 0.In domains that are not individually observable, agent i 
hooses its a
tionsand 
ommuni
ation based on its belief state, bti 2 Bi, based on the observationsand 
ommuni
ation it has re
eived through time t. B� = Qi2�Bi is the setof possible 
ombined belief states. Agent i updates its belief state at time twhen it re
eives its observation, !ti 2 
i, and when it re
eives 
ommuni
ationfrom its teammates, �t�. We use separate state-estimator fun
tions to updatethe belief states in ea
h 
ase: initial belief state, b0i = SE0i (); pre-
ommuni
ationbelief state, bti�� = SEi��(bt�1i��; !ti); and post-
ommuni
ation belief state, bti�� =SEi��(bti�� ; �t�).Finally, the COM-MTDP reward fun
tion represents the team's joint utility(shared by all members) over states, as well as both domain and 
ommuni
ativea
tions, R : S � �� � A� ! R. We 
an express this overall reward as thesum of two rewards: a domain-a
tion-level reward, RA : S � A� ! R, and a
ommuni
ation-level reward, R� : S � �� ! R. We 
an 
lassify COM-MTDP



(and likewise R-COM-MTDP) domains a

ording to the allowed 
ommuni
ationand its reward:General Communi
ation: no assumptions on �� nor R� .No Communi
ation: �� = ;.Free Communi
ation: 8� 2 ��, R�(�) = 0.Analyzing the extreme 
ases, like free 
ommuni
ation (and others in this pa-per) helps to understand the 
omputational impa
t of the extremes. In addition,we 
an approximate some real-world domains with su
h assumptions.3.2 R-COM-MTDP Extensions to COM-MTDP ModelWe de�ne a R-COM-MTDP as an extended tuple, hS;A�; ��; P;
�; O�; B�; R;PLi. The key extension over the COM-MTDP is the addition of subplans, PL,and the individual roles asso
iated with those plans.Extension for Expli
it Sub-Plans PL is a set of all possible sub-plans that� 
an perform. We express a sub-plan pk 2 PL as a tuple of roles hr1; : : : ; rsi. rjkrepresents a role instan
e of role rj for a plan pk and requires some agent i 2 �to ful�ll it. Roles enable better modeling of real systems, where ea
h agent'srole restri
ts its domain-level a
tions [13℄. Agents' domain-level a
tions are nowdistinguished between two types:Role-Taking a
tions: �� = Qi2� �i is a set of 
ombined role taking a
tions,where �i = f�irjkg 
ontains the role-taking a
tions for agent i. �irjk 2 �imeans that agent i takes on the role rj as part of plan pk. An agent's role
an be uniquely determined from its belief state.Role-Exe
ution A
tions: �irjk is the set of agent i's a
tions for exe
utingrole rj for plan pk [13℄. �i=S8rjk �irjk . This de�nes the set of 
ombinedexe
ution a
tions ��=Qi2� �i.The distin
tion between role-taking and role-exe
ution a
tions (A�=�� [��)enables us to separate their 
osts. Within this model, we 
an represent thespe
ialized behaviors asso
iated with ea
h role, and also any possible di�eren
esamong the agents' 
apabilities for these roles. While �lling a parti
ular role, rjk ,agent i 
an perform only those role-exe
ution a
tions, � 2 �irjk , whi
h may not
ontain all of its available a
tions in �i. Another agent ` may have a di�erent setof available a
tions, �`rjk , allowing us to model the di�erent methods by whi
hagents i and ` may �ll role rjk . These di�erent methods 
an produ
e variede�e
ts on the world state (as modeled by the transition probabilities, P ) andthe team's utility (as modeled by the reward fun
tion, R�). Thus, the poli
iesmust ensure that agents for ea
h role have the 
apabilities that bene�t the teamthe most.In R-COM-MTDPs (as in COM-MTDPs), ea
h de
ision epo
h 
onsists oftwo stages, a 
ommuni
ation stage and an a
tion stage. In ea
h su

essive epo
h,



the agents alternate between role-taking and role-exe
ution epo
hs. Thus, theagents are in the role-taking epo
h if the time index is divisible by 2, and are inthe role exe
ution epo
h otherwise. Although, this sequen
ing of role-taking androle-exe
ution epo
hs restri
ts di�erent agents from running role-taking and role-exe
ution a
tions in the same epo
h, it is 
on
eptually simple and syn
hroniza-tion is automati
ally enfor
ed. As with COM-MTDP, the total reward is a sumof 
ommuni
ation and a
tion rewards, but the a
tion reward is further separatedinto role-taking a
tion vs. role-exe
ution a
tion: RA(s; a) = R� (s; a)+R�(s; a).By de�nition, R� (s; �) = 0 for all � 2 ��, and R�(s; �) = 0 for all � 2 ��. Weview the role taking reward as the 
ost (negative reward) for taking up di�er-ent roles in di�erent teams. Su
h 
osts may represent preparation or training ortraveling time for new members, e.g., if a sensor agent 
hanges its role to joina new sub-team tra
king a new target, there is a few se
onds delay in tra
king.However, 
hange of roles may potentially provide signi�
ant future rewards.We 
an de�ne a role-taking poli
y, �i� : Bi ! �i for ea
h agent's role-taking a
tion, a role-exe
ution poli
y, �i� : Bi ! �i for ea
h agent's role-exe
ution a
tion, and a 
ommuni
ation poli
y �i� : Bi ! �i for ea
h agent's
ommuni
ation a
tion. The goal is to 
ome up with joint poli
ies �� , �� and ��that will maximize the total reward.Extension for Expli
it Lo
al States: Si In 
onsidering distin
t roles withina team, it is useful to 
onsider distin
t subspa
es of S relevant for ea
h individualagent. If we 
onsider the world state to be made up of orthogonal features (i.e.,S = �1��2�� � ���n), then we 
an identify the subset of features that agent imay observe.We denote this subset as its lo
al state, Si = �ki1��ki2�� � ���kimi .By de�nition, the observation that agent i re
eives is independent of any featuresnot 
overed by Si: Pr(
ti = !jSt = h�1; �2; : : : ; �ni ; At�1� = a) = Pr(
ti = !jSti =
�ki1 ; : : : ; �kimi � ; At�1� = a).Role De
omposition Some designers exploit roles further by de
ompositioninto smaller subproblems, isolating the spe
i�
 fa
tors relevant to ea
h of theseparate roles [6, 15℄. Within R-COM-MTDPs, role de
omposition imposes two
onstraints on the agents' role-taking and role-exe
ution a
tions. First, we re-stri
t the dynami
s of the lo
al state to depend on only the 
urrent lo
al stateand the agent's domain-level a
tion: Pr(St+1i jSt = h�1; : : : ; �ni ; At� = �j2�aj) =Pr(St+1i jSti = 
�ki1 ; : : : ; �kimi � ; Ati = ai). Se
ond, we also stru
ture the rewardfun
tion so that the agents' a
tions earn independent rewards:R(h�1; : : : ; �ni ;Qi2� ai) =Pi2�Ri(
�ki1 ; : : : ; �kimi � ; ai), where Ri is the lo
al reward fun
tion, earned byagent i.3.3 Appli
ation in RoboCupRes
ueThe notation des
ribed above 
an be applied easily to the RoboCup Res
uedomain as follows:



1. � 
onsists of three types of agents: ambulan
es, poli
e for
es, �re brigades.2. Injured 
ivilians, buildings on �re and blo
ked roads 
an be grouped togetherto form tasks. The designer 
an 
hoose how to form tasks, e.g. the world 
ouldbe broken into �xed regions and all �res, hurt 
ivilians and blo
ked roadswithin a region 
omprise a task. We spe
ify sub-plans for ea
h task type.These plans 
onsist of roles that 
an be ful�lled by agents whose 
apabilitiesmat
h those of the role.3. We spe
ify sub-plans, PL, for ea
h task type. Ea
h sub-plan, p 2 PL 
om-prises of a number of roles that need to be ful�lled by agents whose 
apa-bilities mat
h those of the role in order to a

omplish a task. For example,the task of res
uing a 
ivilian from a burning building 
an be a

omplishedby a plan where �re-brigades �rst extinguish the �re, then ambulan
es freethe buried 
ivilian and one ambulan
e takes the 
ivilian to a hospital. Ea
htask 
an have multiple plans whi
h represent multiple ways of a
hieving thetask.4. Ea
h agent re
eives observations about the obje
ts within its visible range.But there may be parts of the world that are not observable be
ause there areno agents there. Thus, RoboCupRes
ue is a 
olle
tively partially observabledomain. Therefore ea
h agent, needs to maintain a belief state of what itbelieves the true world state is.5. The reward fun
tion, R 
an be 
hosen to 
onsider the 
apabilities of theagents to perform parti
ular roles, e.g., poli
e agents may be more adept atperforming the \sear
h" role than ambulan
es and �re-brigades. This wouldbe re
e
ted in a higher value for 
hoosing a poli
e agent to take on the\sear
h" role than an ambulan
e or a �re-brigade. In addition, the rewardfun
tion takes into 
onsideration the number of 
ivilians res
ued, the numberof �res put out and the health of agents.The R-COM-MTDP model works as follows: Initially, the global world stateis S0, where ea
h agent i 2 � has lo
al state S0i and belief state b0i = SE0i () andno role. Ea
h agent i re
eives an observation, !0i , a

ording to probability dis-tribution Oi(S0i ;null; !0i ) (there are no a
tions yet) and updates its belief state,b0i�� = SEi��(b0i ; !0i ) to in
orporate this new eviden
e. In RoboCupRes
ue, ea
hagent re
eives the 
omplete world state before the earthquake as its �rst observa-tion. Ea
h agent then de
ides on what to broad
ast based on its 
ommuni
ationpoli
y, �i� , and updates its belief state a

ording to b0i�� = SEi��(b0i�� ; �0�).Ea
h agent, based on its belief state then exe
utes the role-taking a
tion a

ord-ing to its role-taking poli
y, �i� . Thus, some poli
e agents may de
ide on per-forming the \sear
h role", while others may de
ide to \
lear roads", �re-brigadesde
ide on whi
h �res \to put out". By the 
entral assumption of teamwork, all ofthe agents re
eive the same joint reward, R0 = R(S0; �0�; A0�). The world thenmoves into a new state, S1, a

ording to the distribution, P (S0; A0�). Ea
h agentthen re
eives the next observation about its new lo
al state based on its positionand its visual range and updates its belief state using b1i�� = SEi��(b0i��; !1i ).This is followed by another 
ommuni
ation a
tion resulting in the belief state,b1i�� = SEi��(b1i�� ; �1�). The agent then de
ides on a role-exe
ution a
tion based



on its poli
y �i�. It then re
eives new observations about its lo
al state and the
y
le of observation, 
ommuni
ation, role-taking a
tion, observation, 
ommuni-
ation and role-exe
ution a
tion 
ontinues.4 Complexity of R-COM-MTDPsR-COM-MTDP supports a range of 
omplexity analysis for generating optimalpoli
ies under di�erent 
ommuni
ation and observability 
onditions.Theorem 1. We 
an redu
e a COM-MTDP to an equivalent R-COM-MTDP.Proof. Given a COM-MTDP, hS;A�; ��; P;
�; O�; B�; Ri, we 
an generate anequivalent R-COM-MTDP, hS;A0�; ��; P 0; 
�; O�; B�; R0i. Within the R-COM-MTDP a
tions, A0�, we de�ne �� = fnullg and �� = A�. In other words, allof the original COM-MTDP a
tions be
ome role-exe
ution a
tions in the R-COM-MTDP, where we add a single role-taking a
tion that has no e�e
t (i.e.,P 0(s;null; s) = 1). The new reward fun
tion borrows the same role-exe
ution and
ommuni
ation-level 
omponents: R0�(s; a) = RA(s; a) and R0�(s; �). We alsoadd the new role-taking 
omponent: R0� (s;null) = 0. Thus, the only role-takingpoli
y possible for this R-COM-MTDP is �0i� (b) = null, and any role-exe
utionand 
ommuni
ation poli
ies (�0� and �0� , respe
tively) will have an identi
alexpe
ted reward as the identi
al domain-level and 
ommuni
ation poli
ies (�Aand �� , respe
tively) in the original COM-MTDP. utTheorem 2. We 
an redu
e a R-COM-MTDP to an equivalent COM-MTDP.3Proof. Given a R-COM-MTDP, hS;A�; ��; P;
�; O�; B�; R;PLi, we 
an gen-erate an equivalent COM-MTDP, hS0; A�; ��; P 0; 
�; O�; B�; R0i. The COM-MTDP state spa
e, S0, in
ludes all of the features, �i, in the original R-COM-MTDP state spa
e, S = �1�� � ���n, as well as an additional feature, �phase =ftaking; exe
utingg. This new feature indi
ates whether the 
urrent state 
or-responds to a role-taking or -exe
uting stage of the R-COM-MTDP. The newtransition probability fun
tion, P 0, augments the original fun
tion with an al-ternating behavior for this new feature: P 0(h�1b; : : : ; �nb; takingi ; �; h�1e; : : : ; �ne;exe
utingi) = P (h�1b; : : : ; �nbi ; �; h�1e; : : : ; �nei) and P 0(h�1b; : : : ; �nb; exe
utingi ;�; h�1e; : : : ; �ne; takingi) = P (h�1b; : : : ; �nbi ; �; h�1e; : : : ; �nei). Within the COM-MTDP, we restri
t the a
tions that agents 
an take in ea
h stage by assign-ing illegal a
tions an ex
essively negative reward (denoted �rmax): 8� 2 ��,R0A(h�1b; : : : ; �nb; exe
utingi ; �) = �rmax and 8� 2 ��, R0A(h�1b; : : : ; �nb; takingi ;�) = �rmax. Thus, for a COM-MTDP domain-level poli
y, �0A, we 
an extra
trole-taking and -exe
uting poli
ies, �� and ��, respe
tively, that generate iden-ti
al behavior in the R-COM-MTDP when used in 
onjun
tion with identi
al
ommuni
ation-level poli
ies, �� = �0� . ut3 The proof of this theorem was 
ontributed by Dr. David Pynadath



Ind. Obs. Coll. Obs. Coll. Part. Obs.No Comm. P-Comp. NEXP-Comp. NEXP-Comp.Gen. Comm. P-Comp. NEXP-Comp. NEXP-Comp.Free Comm. P-Comp. P-Comp. PSPACE-Comp.Table 1. Computational 
omplexity of R-COM-MTDPs.
Thus, the problem of �nding optimal poli
ies for R-COM-MTDPs has thesame 
omplexity as the problem of �nding optimal poli
ies for COM-MTDPs.Table 1 shows the 
omputational 
omplexity results for various 
lasses of R-COM-MTDP domains, where the results for individual, 
olle
tive, and 
olle
tivepartial observability follow from COM-MTDPs [9℄ (Proof of COM-MTDP resultsare available at http://www.isi.edu/team
ore/COM-MTDP/ ). In the individualobservability and 
olle
tive observability under free 
ommuni
ation 
ases, ea
hagent knows exa
tly what the global state is. The P-Complete result is from aredu
tion from and to MDPs. The 
olle
tively partial observable 
ase with free
ommuni
ation 
an be treated as a single agent POMDP, where the a
tions 
or-respond to the joint a
tions of the R-COM-MTDP. The redu
tion from and to asingle agent POMDP gives the PSPACE-Complete result. In the general 
ase, bya redu
tion from and to de
entralized POMDPs, the worst-
ase 
omputational
omplexity of �nding the optimal poli
y is NEXP-Complete.Table 1 shows us that the task of �nding the optimal poli
y is extremely hard,in general. However, redu
ing the 
ost of 
ommuni
ation so it 
an be treated asif it were free has a potentially big payo� in 
omplexity redu
tion. As 
an beseen from table 1, when 
ommuni
ation 
hanges from no 
ommuni
ation to free
ommuni
ation, in 
olle
tively partially observable domains, the 
omputational
omplexity 
hanges from NEXP-Complete to PSPACE-Complete. In 
olle
tivelyobservable domains, like the sensor domain, the 
omputational savings are evengreater, from NEXP-Complete to P-Complete. This emphasizes the importan
eof 
ommuni
ation in redu
ing the worst 
ase 
omplexity. Table 1 suggests thatif we were designers of a domain, we would in
rease the observability of thedomain so as to redu
e the 
omputational 
omplexity. However, in using existingdomains, we don't have this freedom. The following se
tion talks des
ribes howR-COM-MTDPs 
ould be useful in 
ombating the 
omputational 
omplexity of\Team Formation for Reformation" in RoboCupRes
ue.Table 2 shows the 
omputational 
omplexity of domains that are naturallyrole de
omposable. Comparing tables 1 and 2, we see that role de
ompositionredu
es the worst 
ase 
omplexity of R-COM-MTDPs from NEXP-Complete toPSPACE-Complete. In domains that are not naturally de
omposable, we 
ouldexpli
itly treat roles su
h that there is role de
omposition. This strategy wouldresult in a poli
y that has less reward than the optimal but there will be 
on-siderable 
omputational savings. Role de
omposition further illustrates how R-COM-MTDP 
ould be used to analyze di�erent strategies and their 
omplexity.



Ind. Obs. Coll. Obs. Coll. Part. Obs.No Comm. P-Comp. PSPACE-Comp. PSPACE-Comp.Gen. Comm. P-Comp. PSPACE-Comp. PSPACE-Comp.Free Comm. P-Comp. P-Comp. PSPACE-Comp.Table 2. Complexity of de
omposable R-COM-MTDPs.5 Analysis of RoboCupRes
ueIn RoboCupRes
ue, agents re
eive visual information of only the region in itssurroundings. Thus no agent has 
omplete knowledge of the global state of theworld. Therefore the RoboCupRes
ue domain is in general Colle
tively PartiallyObservable. The number of 
ommuni
ation messages that ea
h agent 
an sendor re
eive is restri
ted and in addition, 
ommuni
ation takes up network band-width and so we 
annot assume a 
ommuni
ation poli
y where the agents 
om-muni
ate everything they see. Hen
e, RoboCupRes
ue 
omes under the GeneralCommuni
ation 
ase. Thus, the 
omputational 
omplexity of �nding the opti-mal 
ommuni
ation, role-taking and role-exe
ution poli
ies in RoboCupRes
ueis NEXP-Complete (see Table 1).However the observability 
onditions are in our 
ontrol| be
ause we 
andevise agents that 
an try to provide 
olle
tive observability. Thus what ourresults provide is guidan
e on \How to Design Teams" in Res
ue, and whattypes of tradeo�s may be ne
essary based on the types of teams. What our resultsshow is stunning { if we do 
olle
tive observability and free 
ommuni
ation thenthe 
omplexity of our planning drops substantially. Now, as we know, this is notgoing to be possible | we 
an only approximate 
olle
tive obesrvability and free
ommuni
ation. However, we 
ould then treat our result as an approximation {the resulting poli
y would be near-optimal but may be not optimal.But, one of the biggest problems with developing agents for RoboCupRes
ueis not being able to 
ompare di�erent strategies easily. Owing to external fa
-tors like the pa
ket loss and non-determinism internal to the simulation, a largenumber of simulations would be ne
essary to determine for 
ertain if one strat-egy dominates another. However, just as in COM-MTDPs[9℄, where di�erentapproximate strategies for 
ommuni
ation were analysed, RoboCupRes
ue 
anbe modeled as an R-COM-MTDP. We 
ould then treat alternative strategies asalternative poli
ies and evaluate these. This would be very useful in making im-provements to existing agents as well. For example, we 
ould evaluate the poli
iesspe
i�ed by our agents[8℄, and evaluate their performan
e in the RoboCupRes-
ue R-COM-MTDP. This would allow us to make 
hanges to this poli
y anddetermine relatively qui
kly if this 
hange resulted in an improvement. Su
hkind of in
remental improvements 
ould greatly improve the performan
e of ouragents whi
h �nished in third pla
e in RoboCup 2001 at Seattle and in se
ondpla
e in Robofesta 2001.



6 Summary and Related WorkThis work addresses two short
omings of the 
urrent work in team formationfor dynami
 multiagent domains: i) most algorithms are stati
 in the sense thatthey don't anti
ipate for 
hanges that will be required in the 
on�guration ofthe teams, ii) 
omplexity analysis of the problem is la
king. We addressed the�rst short
oming by presenting R-COM-MTDP, a formal model based on de-
entralized 
ommuni
ating POMDPs, to determine the team 
on�guration thattakes into a

ount how the team will have to be restru
tured in the future.R-COM-MTDP enables a rigorous analysis of 
omplexity-optimality tradeo�sin team formation and reorganization approa
hes. The se
ond short
oming wasaddressed by presenting an analysis of the worst-
ase 
omputational 
omplexityof team formation and reformation under various types of 
ommuni
ation.While there are related multiagent models based on MDPs, they have fo
usedon 
oordination after team formation on a subset of domain types we 
onsider,and they do not address team formation and reformation. For instan
e, the de
en-tralized partially observable Markov de
ision pro
ess (DEC-POMDP) [1℄ modelfo
uses on generating de
entralized poli
ies in 
olle
tively partially observabledomains with no 
ommuni
ation; while the Xuan-Lesser model [14℄ fo
uses onlyon a subset of 
olle
tively observable environments.Modi et al.[7℄ provide an initial 
omplexity analysis of distributed sensor teamformation, their analysis is limited to stati
 environments (no reorganizations)| in fa
t, illustrating the need for R-COM-MTDP type analysis tools. Our
omplexity analysis illustrate where the problem is tra
table and where it is not.Thus, telling us where algorithms 
ould strive for optimality and where theyshould not. We intend to use the R-COM-MTDP model to 
ompare the variousteam formation approa
hes in
luding role de
omposition for RoboCupRes
uewhi
h were used by our agents in RoboCup-2001 and Robofesta 2001, where ouragents �nished in third pla
e and se
ond pla
e respe
tively. It is important thattools be developed in RoboCup that step beyond RoboCup and 
ontribute tothe wider 
ommunity. This work is a step in that dire
tion.7 A
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